Abstract. Previous work described a biologically motivated object recognition system with Gabor wavelets as basic feature type. These features are robust against slight distortion, rotation and variation in illumination. We here describe extensions of the system that address image variance due to arbitrary in-plane rotation, substantial scale changes and moderate depth rotation of objects, and to background variation, using simple linear transformation of the Gabor lter responses. The performance of the system is enhanced signi cantly.
Introduction
Our point of departure is an object recognition system 1, 2 which uses Gabor lters e.g., 3 as basic features. The region surrounding a given pixel in the image is described by the responses of a set of Gabor lters of di erent frequencies and orientations, all centered at a the pixel position. This set of responses is called a jet. Objects are described by graphs whose vertices are labeled by jets and whose links describe topographical relations see gure 1a. An object is identi ed and located by Elastic Graph Matching EGM, which is a simple algorithmic caricature of Dynamic Link Matching, a neural model based on synchrony coding of feature binding and rapid reversible synaptic plasticity 4 .
The system has been successfully applied to face recognition and face segmentation 1, 2 , as well as to object recognition in complex scenes 5 . The Gabor lters seem to be a good approximation to the sensitivity pro les of neurons found in visual cortex of higher vertebrates see, e.g., 6 .
Gabor lter responses are robust against slight object rotation and distortion and variations in illumination. More extensive v ariations introduced by object scaling and in-plane rotation can be compensated to some extent with the help of linear transformations of jets 7 , as well as rotations in depth 8 . The background problem can be reduced by linear transformations 9 . In this paper we give a more detailed characterization of jets as a robust data format and summarize jet transformations and their application in our system.
Description of the system
Let Ix be the grey level distribution of the input image. Our image processing then starts with a linear lter operation, which can be written as a convolution of the image I with a set of Gabor wavelets k see gure 1b, whose wavelength and orientation is determined by the parameterk. We samplek at four frequencies and eight orientations. Therefore a jet consists of 4 It is known that sharp edges are especially important locations for object recognition. The Gabor wavelets respond strongly to edges oriented perpendicularly to the wave v ectork. Unfortunately, the edge response of a wavelet oscillates with the wavelet's characteristic frequency instead of producing a smooth peak convenient for matching purposes see gure 1c. We therefore often use the absolute value of the reponses, which is less sensitive t o s u c h small local displacements see gure 1d. In order to nd and identify an object e.g., a face in an image, EGM looks for the optimal position of a graph representing that object. As part of this process, EGM evaluates the similarity of pairs of jets. We use two di erent kinds of jet similarity measures: The magnitude similarity" S m 1 ignores the phases and the phase similarity" S ph 2 explicitely compensates for its variations.
Elastic matching of a model graph G to a variable graph in an image I amounts to a search for a set fx I i g of vertex positions which optimize a cost function C total fx I i g : = C e + C v which is a linear combination of an edge term C e , measuring the distortion of the graph, and a vertex term C v , de ned as the sum over all pair-wise jet similarities.
The coe cient controls the rigidity of the image graph, large values penalizing distortion relative to the model graph G. G is extracted from a stored picture of the object 1 or it can be a more complicated structure representing, for instance, a general" face, independent of the person, size of the face or lighting conditions 2 .
Robustness and jet transformation
The data structure used by a system for object representation should assist robustness of recognition. In this section we examine the extent to which the jets themselves are robust against certain object variations. We restrict ourselves to four di erent t ypes of such v ariations: in-plane rotation and scaling 7 , rotation in depth 8 , and variation of the background 9 . We e v aluate the robustness of jets against such v ariations by comparing them in terms of one of the similarity functions introduced above.
Generally speaking, the jets are robust in the sense that small variations in the appearance of objects lead to small and continuous changes of the similarity v alues measured. Variations of larger extent can be compensated to a certain degree if parameters are known to characterize the variation. These could be the angle of an in-plane rotation of the object, or, when trying to suppress the in uence of the background on the jets, the con guration of the object's outline. In all of the cases presented the variations in the image are not compensated in the image but by linear transformations of jets J , J 0 = MJ with suitably chosen transformation matrix M. The linear jet transformation leads to computational speed-upy. F urthermore, it allows a hierachical processing of data, i.e., rst computation of the jets in the image perhaps by a piece of special purpose hardware and then jet transformation during the matching process, instead of recomputation of jets from modi ed images.
In the case of background suppression the outline of an object can be stored as additional information in the model graph G. During the matching process, this allows to transform the jets in the presented image at every location the graph is tested at. For all the other types of object variations the jet transformation can be used to match the stored object in, e.g., di erent orientations in plane and depth. In these cases the topography of the graph must be transformed as well not considered here. amounts to a reorganization of the jets' coe cients 7 . This is best visualized in the frequency domain see gure 2b: Rotation of the object in the image results in a rotation of the jet coe cients around the origin, and scaling results in a transposition of the coe cients in the radial direction to lower or higher frequencies, respectively. Jet rotation is possible without information loss, but after scaling some coe cients of the transformed jet will no longer nd counterparts in the image jets because the limited frequency intervals of the two jets no longer overlap completely. Rotation in depth: Given an object with simple surface geometry, c hanges in the distribution of gray v alues in the image plane can be predicted when the object is rotated in depth. In the simplest imaginable case, a at textured object is held vertically in front of the camera. Rotation of the object around a vertical axis leads to a horizontal contraction of the gray-level pattern in the image plane. For a given angle of rotation this contraction and the corresponding transformation of a jet taken from a point inside the object's image can be described by a linear transformation 8 . The in uence of this transformation on jet components decreases from components based on horizontal frequency to those based on vertical frequency which remain nearly una ected. Thus this transformation is less profound than a transformation due to in-plane rotation or scaling and jet similarities are much less a ected see gure 3a.
Jet dissimilarities due to depth rotation can be further decreased with the help of appropriate transformation. This has dramatic e ects for objects with locally at surface and known normal vectors before and after the rotation see gure 3b. Even with curved object surfaces, recognition can be signi cantly improved, simply approximating them as locally at, as shown on the example of human face recognition under depth rotation 8 .
Variation of the background: A fourth type of object variation which w e consider here is variation of the background against which an object is presented 9 . Even wavelets centered at points inside an object are sensitive t o b a c kground variation if their lateral extent is su ciently large.
Similarly to the image variations treated above, jet sensitivity t o b a c kground variation can be reduced by a transformation if the boundary contour of the object 
Discussion
A tremendous obstacle to arti cial vision in general and object recognition in particular is the great variability of di erent images of the same object. Apart from variations intrinsic to objects this is due to changing geometry, background, occlusion, illumination and noise. This problem is greatly alleviated when representing images and object models in a data format based on wavelets. Coupled with an EGM mechanism this has led to highly successful systems for object recognition 1, 2, 5 . The performance of our system when tested on the task of human face recognition compares well with that of human subjects 11 . Work reviewed or presented here shows that even larger image variations can be accommodated with the help of appropriate transformations of the wavelet transformation and corresponding adjustments to the matching mechanism.
Although Gabor wavelets seem to be a good model for a rst stage of the human visual system, it has been pointed out 11 that more complicated features may play a role in human object recognition. In fact, there is evidence for a hierarchy of feature complexity in the primate visual system 12 , a hierarchy in which simple wavelets may represent but an early stage. We feel that our models for object recognition may play a role in this process.
